Abstract This paper investigates and improves a technique known as Nonlinear Dynamic Data Reconciliation (NDDR) for a real industrial process. NDDRS is a technique for data reconciliation that requires an objective function to be minimised subject to both algebraic and differential, equality and inequality constraints. These constraints are obtained from the mathematical description of the process and ensure that the measurement data can be optimised to conform as closely as possible to the true behaviour of the process. One of the difficulties of using the original NDDR is that a rigorous process dynamic model is required as a constraint. Unfortunately it is very hard to establish a rigorous dynamic model for a complex industrial process, particularly for data reconciliation purpose. A transfer function matrix model has been introduced in this new NDDR method. Therefore the rigorous dynamic model is avoided. The real industrial data from FCCU is used to illustrate the efficiency of the new NDDR method. Copyright C) 2006 IEEE.
I. INTRODUCTION
TData processing and reconciliation allows the quality of measurement data from a process to be improved upon, which involves procedures for the reduction of the errors present in the measurements of the process, and for the estimation of those aspects of the process that are unmeasured. The reasons for conducting data processing and reconciliation are that it allows for a more detailed knowledge of the state of the observed process, enabling decisions to be made with the best possible information. An improved knowledge of the state of the process allows for maintaining the process at its optimal level, increasing product quantity or quality and providing better safety and environmental levels.
Random errors and gross errors
There are two different types of error that can be present in a data set. The first and most common are random errors and the second and less frequent are gross errors. Random errors can come from a number of sources; most commonly, they are the result of measurement error and fluctuation of the process. Random errors are expected to have a normal distribution and an expected value of zero. Errors of this type are the easiest to deal with, and there exist numerous different methods by which they can be minimised. Gross errors (Ozyurt and Pike, 2004; Bagajewicz, 2000; Amand et al., 2001) , sometimes known as systematic errors, result from occurrences such as instrument malfunction or mis-calibration, process leaks or malfunctions, poor sampling and inaccurate transcription of data. Gross errors are usually larger and less frequent than random errors and their expected values are not zero. The majority of data reconciliation procedures are based upon the assumption that errors are random with a zero mean; the presence of gross errors invalidates their statistical basis. For this reason it is necessary for gross errors to be identified and either corrected or removed from the data set for data reconciliation to be used. The results of the reconciliation are shown in Fig. 2 . As can be seen, the estimates produced by the reconciliation contain considerably less noise than the measurements on which they were performed. These results were obtained using a moving window of 10 time steps, i.e. 25 seconds.
As can be seen from 
FCCU transfer function models
A typical FCC process is shown in Fig. 3 . It includes a reactor-regenerator section, main fractionators and gas processing facilities and converts heavy oils into gasoline, light cycle oil (LCO), butanes and gas. The combined feed is preheated against the heavy cycle gas oil pump around from the main fractionators, then combined with regenerated catalyst at the bottom of the riser and then reacts endothermically in the riser to form lighter hydrocarbons. A series of step changes have been introduced into the operation of the FCC process. The responses of step change in the temperature (TIC2201) and the flow rate (FIC2201) of the combined feed are described in the following transfer function model shown in Equation 4. The output variables are the temperatures of the 1st and 2nd regenerators (Tregl, Treg2) , the carbon dioxide concentration of the 1st regenerator (CI), and the oxygen concentration of the 2nd regenerator (C2). The input variables are the temperature and the flow rate of the feed (Tf, Ff). The results of the reconciliation are shown in Fig. 4 and 3.6_ 
